Influenza-like illness (ILI) is an acute respiratory disease that remains a public health concern for its ability to circulate globally affecting any age group and gender causing serious illness with mortality risk. Comprehensive assessment of the spatio-temporal dynamics of ILI is a prerequisite for effective risk assessment and application of control measures. Though meteorological parameters, such as rainfall, average relative humidity and temperature, influence ILI and represent crucial information for control of this disease, the relation between the disease and these variables is not clearly understood in tropical climates. The aim of this study was to analyse the epidemiology of ILI cases using integrated methods (space-time analysis, spatial autocorrelation and other correlation statistics). After 2009s H1N1 influenza pandemic, Phitsanulok Province in northern Thailand was strongly affected by ILI for many years. This study is based on ILI cases in villages in this province from 2005 to 2012. We used highly precise weekly incidence records covering eight years, which allowed accurate estimation of the ILI outbreak. Comprehensive methodology was developed to analyse the global and local patterns of the spread of the disease. Significant space-time clusters were detected over the study region during eight different periods. ILI cases showed seasonal clustered patterns with a peak in 2010 (P>0.05-9.999 iterations). Local indicators of spatial association identified hotspots for each year. Statistically, the weather pattern showed a clear influence on ILI cases and it strongly correlated with humidity at a lag of 1 month, while temperature had a weaker correlation.
Introduction
Influenza-like illness (ILI) is a highly contagious acute respiratory disease capable of triggering outbreaks ranging from local epidemics to global pandemics (Sakai et al., 2004; WHO, 2014) . It is responsible for a high contribution of all influenza cases (Kimura et al., 2011; Prachayangprecha et al., 2015) , yet it is not well understood and the clinical symptoms are not easily differentiable from other respiratory diseases (Laguna-Torres et al., 2009; Tamerius et al., 2011) . ILI has been attributed by wide range of respiratory diseases, predominantly attributed by viruses such as influenzas A and B (Yang et al., 2012; Zhang et al., 2014) . The diagnostic approach for ILI is the same as that of influenza (Kelly and Birch, 2004) , but all ILIs are not caused by influenza virus. However, more than 70% of all ILI cases diagnosed during the epidemic of June 2009 to January 2010 were due to the influenza A, subtype H1N1 virus (Yang et al., 2012) . The clinical symptoms of ILI present as a sudden onset of fever (≥38°C), body ache with one of the typical respiratory symptoms such as sore throat and cough (CDC, 2016) . The infection occurs around the year in tropical regions and in the winter to spring period in temperate regions Like common influenza, it circulates around the globe rapidly (Birch and Kelly, 2004; Yang et al., 2012) . According to the World Health Organization (WHO) surveillance, ILIs spread from infected to healthy persons through fomites in a close proximity, and the human host is the utmost vector and carrier (Bollaerts et al., 2013; Yang et al., 2015) . Therefore, a full understanding of the connection with the vector has an enormous potential with respect to quantification of ILI dissemination and its spatial dynamics, knowledge of which would strongly contribute to control of the disease (Viboud et al., 2006) . This study occupies itself with the general forms of respiratory diseases and spatial dynamic studies, but it deals predominantly with influenza since it includes a larger portion of ILI cases in peak seasons (Yang et al., 2015) . However, Lowen and Palese (2009) 
recognised that
ILIs are mixed infections consisting of adenoviruses, respiratory syncytial viruses (RSV), enteroviruses, human meta-pneumo viruses and parainfluenza viruses besides classical the influenza viral strains. Recent epidemiological modelling has greatly improved our knowledge of viral evolution and the related complex antigenic evolution, but there is also a need to understand the spatio-temporal aspects of the vectorborne respiratory diseases (Nelson and Holmes, 2007; Soebiyanto et al., 2015) . Furthermore, in a series of monitored influenza studies with special reference to ILI viruses, it is stressed that ILI spatio-temporal dynamics must be clarified within the broader aspect of respiratory infections (Bollaerts et al., 2013) . In tropical and subtropical settings, ILI epidemics occur more frequently with high temporal variability. However, people are not aware about the burden of morbidity which negatively affects the socio-economic strata involved (Viboud et al., 2006; Simmerman and Uyeki, 2008; Simmerman et al., 2009; Yang et al., 2015) . Although the majority of the viruses which collectively make up the ILIs can be preventable by early vaccinations, e.g., against influenzas A and B (WHO, 2013; Prachayangprecha et al., 2015) , there is no such thing as an integrated vaccine to be used for general ILI prevention. The Thai infectious disease control and vaccination programme vaccinates against the majority of seasonal influenza viruses according to global standards (Prachayangprecha et al., 2015) . However, these vaccines remain effective only for a year and ILI peaks frequently a year later due to the ability of these viruses to rearrange genomes varying from minor mutations to major antigenic shift under the pressure of human immunity. Since the immune system is not used to new viruses (Morse, 1995) , large numbers of people are vulnerable in spite of prior infections and vaccinations (Laguna-Torres et al., 2009; Yang et al., 2015) .
Past research of respiratory diseases in the current healthcare settings are limited to hospitalised and laboratory confirmed cases (Russell et al., 2008; Kimura et al., 2011) , which are highly likely to underestimate the real situation, thereby hiding the broader view of spatial disease dynamics (Anderson et al., 2012) . Additionally, most influenza studies are based on the 1918 and 2009 pandemics (Biggerstaff et al., 2014) , so there is still insufficient information on ILI dynamics. Tamerius et al. (2011) have reviewed the effect of seasonality, human immunity and virus survival on the spread of respiratory viruses. Anderson et al. (2012) assessed ILI based on occupation, sex, social contacts and stress levels finding that social contact in public (school, workplace, etc.) and contaminated areas (markets, banks, etc.) are sources of infections. Furthermore, stress, job insecurity and physiological distress impact adversely on the general health, which leads to prevalence of ILI.
Research studies have focused on specific respiratory viral strains from confirmed cases, while less attention has been given to the estimation of ILI space-time dynamics. Numerous studies on the relations between meteorological parameters and influenza have been carried out (Charland et al., 2009; Rambaut et al., 2008) . Shaman and Kohn (2009) introduced mathematical modelling to estimate seasonal patterns of Influenza from humidity, while Tamerius et al. (2011) and Zhang et al. (2014) cited studies on influenza susceptibility, epidemiology and aetiology and its relationship with virus types, regional immunity, indoor crowding, climate, and socioeconomic factors. The rate of virus transfer depends on the virus load (carrying capacity) and the surrounding weather condition (Dushoff et al., 2004; Charland et al., 2009; Lowen and Palese, 2009) . Influenza viruses can remain infectious up to twelve days on inanimate surfaces, and several respiratory pathogens can be active several months depending on the average relative humidity and temperature (Kramer et al., 2006) . This study assumes a high correlation between ILI and influenza cases and compares weather dynamics in relation to both ILI and other forms of influenza since minor changes in the weather parameter can induce a large number of ILI cases (Shaman et al., 2010; Chong et al., 2015) . The overall aim was to elucidate the space-time pattern analysis of ILI from the 2005-2012 epidemic at the village level to identify hotspots with a view to support possible rearrangement of existing strategies and improvising the methods. We studied the situation in Phitsanulok, a northern Thai province where high ILI morbidity (250.55 per 100,000 population) was reported by the Provincial Health Department. This put Phitsanulok Province third with respect to this disease in the top ten provinces after Bangkok.
Materials and Methods

Study area
Phitsanulok Province, Thailand, comprising 9 districts and 991 villages over an area of 10,815 km 2 (Figure 1 ). The province, situated around latitude 100 E and longitude 17 N, is mostly covered with forests and mountains and it has mixed weather with a daily average relative humidity ranging from 60 to 87%, high rainfall and strong temperature variability. An administrative boundary map was collected from Thai Ministry of the Interior.
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Case data
The Provincial Health Department provided case data for 991villages with ID codes that could be linked with administrative units in a computerised shapefile. Standard case definitions included a sudden onset of fever (≥38°C) together with one respiratory symptom, such as cough, sore throat or body ache. Cases with known cause of respiratory disease (e.g. pneumonia) were excluded. The Thai Ministry of Public Health collects ILI incidence data nationally with high coverage and quality, however this study used only regional, provincial data from 2005-2012 available from regional health centres, municipality hospitals and private clinics responsible for reporting ILI case data to the central provincial health office on a daily basis. This study also focused on the distribution of ILI cases in different age groups and with different occupations. Therefore, details of age and occupation were collected along with case counts.
Meteorological determinants
Meteorological data (rainfall, humidity and temperature) were collected from Thai Meteorological Department. Data covering eight years (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) 
Data analysis
Geographical information systems (GIS) were used to support the investigation of the geospatial analysis. The space-time term refers to the simultaneous detection of spatio-temporal clusters using dedicated SaTScan package tools (Kulldorff, 2005) . To detect spatial hotspots in the region, spatial autocorrelation methods in the GeoDa software package (https://geodacenter.asu.edu/software/downloads) was used.
Space-time clusters
The question whether ILI cases were distributed randomly over space and/or time and whether there was any significant clustering pattern in region was investigated using SaTScan V9.4.2 open source software (http://www.satscan.org/). Space-time statistics explicitly considers the connections between space and time in three-dimensional (3-D) space noting observed verses expected cases inside a circular window. Space-time analysis is based on the use of a cylindrical window, where the base of cylinder represents the geographical location and the height the temporal extent of a cluster. The method is a retrospective analysis using Poisson discrete statistics which considers population under risk, where the null hypothesis (to be rejected) defines cases as distributed randomly over space and time (Kulldorff et al., 1998 (Kulldorff et al., , 2005 . Information of a village population was used to find the population under risk. The population data for the median year (2009) was selected to avoid the bias of population change during the study period. Using retrospective analysis to find significant cluster(s), the number of collected ILI cases by date and ID-sourced village location were applied using 999 permutations of the Monte Carlo statistics approach. The SaTScan application was run separately for each year. To consider all temporal cluster possibilities, weekly data were selected in annual cycles starting in April since the number of ILI cases was at lowest in that month. To avoid overestimation of cases from any potential cluster origin in region (this also allowed the detection of secondary significant clusters), the maximum spatial cluster size was allowed to grow considering the number of people and geographical size of region, using 50% of the population at risk as default value.
Spatial autocorrelation
The open source GeoDa software was set to run for 999 permutations analysing the data by Global Moran's I global and local indicators of spatial association (LISA) (Anselin, 2010) . The outcome was considered significant at P>0.05 to reject the null hypothesis. Spatial analysis (SA) is a purely SA that compares degree of correlation between observed cases to their geographical locations considering the population under risk. Moran's I is a global statistics used to find global phenomenon over the whole study area where the null hypothesis states that cases geographical locations are not correlated, i.e. random. Moran's I near 1 indicate strong cluster pattern and values approaching to zero refers to a random pattern. Neighbouring areas have high order of contingency. To incorporate this, neighbourhood weight matrix estimated using the K-nearest neighbours method, which defines the spatial relation between neighbours using distances between them. We estimated the matrix at the threshold distance, i.e. the maximum distance between two neighbouring villages (Anselin, 2005 (Anselin, , 2010 . In Moran's I; Bayesian smoothing rate was estimated from the information of ILI cases and population of each village; smoothing of the rate was done to avoid bias of the less populated villages with high morbidity. We scanned the entire dataset over the region with Moran's I window and report significant clusters with high-high and low-low values including insignificant locations (random) using the Z score statistic (Anselin, 2005 (Anselin, , 2010 . We used the top and bottom values of significance (two-tailed test) to achieve a high level of significance (http://www.ats.ucla.edu/ stat/mult_pkg/faq/general/tail_tests.htm).
Hotspot-local spatial autocorrelation
Hotspot is a local phenomenon provided by local SA, which identifies spatial clustering in a specified area. Although there may be a global clustering of a disease in an entire study region, this disease may o n l y spread in various ways by local phenomena, e.g., due to favourable/unfavourable geographical or social conditions in the same region. As global Moran's I cannot detect the local clustering, LISA (Anselin, 2010) was utilized to identify local phenomenon of spatial distribution. This approach allows the decomposition of the global Moran's I of spatial association to local individual observation at certain threshold areas. We analysed cases with location information within a 10-km radius considering all possible combinations of disease spread to find hotspots as described by various scientists (Crighton et al., 2008; Anselin, 2010) . LISA was run for each year due to high spatial variation across years with a randomization of 999 permutations. We scanned village locations where the magnitudes of ILI morbidity were particularly high or low to relate with an identical or uniform condition. High-high magnitude clusters defined the locations as ILI hotspots.
Results
Influenza-like illness incidence
There were a total 12,360 ILI cases in Phitsanulok Province during the study period. Based on this figure, the analysis gives an average yearly morbidity of 286 cases per 100,000 population for the whole period 2005-2012. The highest morbidity (580 per 100,000) was observed in 2010. Despite the fact that 2009 was the year of the H1N1 pandemic, which totalled 2474 ILI cases (fourfold that of the previous year). The number of cases in 2010 increased to 4718 (twofold of that in 2009). Thus, within two years from 2008 to 2010 the number of cases increased eight times. In the whole study period, the number of ILI cases in children less than five years old, school children and students collectively contributed to an average of 78.1%. The ILI distribution among different age groups revealed that children and students were highly vulnerable to ILI infections ( 
Space-time clustering
In SaTScan, the Poisson retrospective model detected clustering by comparing observed versus expected clusters. Spatial and temporal patterns of ILI were analysed simultaneously from April to April across the whole study period to detect significant seasonal clustering cycles. Unlike influenza, other respiratory viruses generally circulate in the region for 10-15 days. To avoid false clustering results, the duration of aggregation was kept from 10 days to a possible maximum extent. We recorded eight significant spatio-temporal cluster periods in the entire 8-year study period in this study region. The date of initial signs of clustering varied across the region from year to year, but the majority of clusters were detected in the June-July period ( Figure  4) . SaTScan inspects millions of potential clusters (primary and secondary), from which only significant clusters (primary) with spacetime dimensions were reported from the village, based on their IDs. In the temperate region of Phitsanulok, primary clusters at significant confidence levels (P=0.001 to <0.05) were localised ( Table 1 ). The number of ILI cases recorded in the clusters was diverse year to year also with temporal durations ranging from 1 to 10 months. In the whole study period an average of 24.3-km radius of disease outbreaks (clusters) were observed. We were able to detect the eight space time cluster in region; only one cluster from 2007 showed the high temporality of 10 month, while the majority of clusters showed 3-month temporal duration.
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Hotspot detection-local indicators of spatial association
The LISA tool detected geographically homogenous high-high and low-low values in the study area, the localisation of which is shown in Figure 5 . These spatially significant local clusters were missed by global Moran's I statistic. However, some of the local clusters were of unexpected high strength (z-value) and they also correlated with the global Moran's I (Table 2 ). This index was at its lowest levels of significance in 2006 and 2009, but appeared as equivalent disperse cluster patterns on the LISA maps by visual inspection. However, the Z-value gives only information about the cluster strength and the LISA cluster maps differ at scale and geographical extent. For instance, the 2006 cluster did not show a strong aggregation of village points, and there were many highhigh and low-low clusters in 2009. The year 2010 showed the highest, well-defined cluster pattern across the study period, while 2011 and 2012 showed increased spread with low-low clusters in the southern region of Phitsanulok Province.
Weather variability
Pearson's correlation statistics was used to analyse, on a weekly basis, the relation between ILI cases and rainfall, minimum temperature, mean temperature, maximum temperature, change in temperature and average relative humidity. We assumed that a change in weather parameters take some duration to create favourable environmental condition (local level) for the infection to start spreading. Best correlation coefficient was observed with average humidity, in particular after 1-month lag (Table 3) at P values varying between 0.05 and 0.01. These lag cases (t-1) were highly correlated with the average humidity. Furthermore, high negative correlation was observed with regard to change in temperature. However, while maximum temperature affected the t-1 cases negatively, we did not find any significant relation with mean temperature. Rainfall correlated strongly without time shift (t), indeed stronger than t-1. Exceptionally, the cases recorded in 2006 were not correlated with rainfall. Minimum temperature in 2009 revealed higher negative correlation (-0.80) with cases at t, which was significant to note; also correlation with cases at t from the whole study period showed negative (-.18) correlation with average rainfall (Table 3) .
The coefficients showed a positive correlation between the weekly number of cases on the one hand and average humidity and average rainfall on the other. Furthermore, to highlight the relation between peak values of humidity and rainfall with peaks of the weekly number of cases, they were plotted together (Figure 6 ). When pivot table data filtered for the top 10 values of humidity for the entire study period were used, only the number of cases exceeding 50 per week were 
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Discussion
This study integrated multiple tools to analyse ILI space-time epidemiology in Phitsanulok. Using various spatiotemporal analysis methods and correlation statistics, such as Moran's I and LISA, with meteorological parameters effectively mapped and determined the spatial epidemiology of ILI during 2005-2012 in local tropical settings. Changes of meteorological parameters are highly frequent, complex and abrupt in tropical settings. Even small changes in the weather characteristics can trigger pathological changes in large numbers of peoples vulnerable to respiratory diseases (Tamerius et al., 2011) . Therefore, we aimed to find the relationship between weather variability and the number of ILI cases. In this endeavour, we had great support GIS, which contributed by providing user-friendly geospatial analytic techniques suitable to carry out research on disease dynamics more efficiently than previously. Many spatial statistical standard tools are now available in GIS packages, which lend themselves well to spatial and temporal analysis (Anselin, 2010) .
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The key findings of this study are that children under the age of five and students (5-14 years old) are the most susceptible age groups (Figure 3) , which is supported by Simmerman et al. (2009) and Anderson et al. (2012) , who found that children are most susceptible to ILI infections. Although routine child vaccination and selective seasonal influenza vaccinations programmes cover major respiratory diseases in the above mentioned age groups, we found that ILI cases represented 72.2% of the cases in the study, while children under five and students below 14 account for only 23% of the study population. i.e. 300% higher risk than other age groups. There are no vaccines available for respiratory viruses, additionally human RSV, rhinovirus and parainfluenza viruses, which contribute to ILI due to rapid change in the genome which cause repeated infections in the same population (Yang et al., 2012) . Despite advanced precautionary measures, ILI imposes serious concern with respect to young adults, possibly due to lower immunity, high social communication and low precautionary measures in school children (Anderson et al., 2012) . Farmers, general labourers, small-scale private business people, public servants and the unemployed contribute collectively to 18-22% of all ILI cases (Figure 3) . These classes showed less susceptibility to ILI than students (Anderson et al., 2012) . Moreover, awareness at work, vigilance and precautionary working environment have shown that it is possible to interrupt the spread of the disease.
Though spatial epidemiological studies on ILI are less explored due to lack of laboratory confirmation, they offer a broader view of the pattern of respiratory diseases. Therefore, empirical comparison between contributing respiratory viruses to ILI and collected cases of ILIs would be useful. As influenza virus generally occupies the major part of ILI cases, we compared some influenza studies. Overall, influenza made up 30% of the ILI cases, but could, in peak month, reach above 70% (Kimura et al., 2011; Yang et al., 2012) . In general, elevated vaccination and preventive measures after the 2009 pandemic, the number of cases fell in the tropical regions in 2010 (Yang et al., 2012) , whereas we observed the highest increase of cases in 2010 (Figure 2 ). This could be due to increased viral survival due to weather conditions, a higher virulence factor in the region or the fact that immunity developed through prior infections is temporary (Dushoff et al., 2004) . Male and female percentage of ILI cases in Thailand were different for each year investigated, collectively 51.2% for males and 48.8% for females over the whole 8-year period, even though the female population was higher (97 males to 100 females). However, this difference is not statistically significant.
Numerous mechanisms have been proposed to find spatial and/or temporal patterns of respiratory diseases, but simultaneous focus on space-time patterns are lacking, especially for ILI. Our work shows that the integrated assessment of tools can be used to effectively map the dynamics of ILI in 3-D space, global space and also for finding the hotspots. Eight space-time clusters were identified at P<0.05. Major clusters were shown to build in the rainy season from June to August, continuing for 3 months. In contrast, clusters that started in the month of January or March persisted only for a month (Figure 3 ). In 2009, smaller peaks started in July with a maximum in September, the same pattern was observed in the period 2010-12 (Figure 2 ). Space-time retrospective scanning window revealed that ILI has the potential capability to disseminate through a 16-30 km radius area, which approximately covers up to 50% of the study area, indicating that people in the study area must have a high social interconnectivity. The spatio-temporal Simmerman et al. (2009) , who included only influenza A cases confirmed in the laboratory. As influenza A is the most common pathogen of the seasonal circulating viruses (Simmerman et al., 2009) , the majority of these infections could have emerged from this virus rather than from influenza B. However, there is not sufficient data to draw clear lines regarding the dynamics between these two virus types. In a purely spatial approach, Moran's I could elucidate the evolving pattern of ILI in the region. We recognised that there was distinctive pattern in spread of ILI virus across the region for all the years identified using spatial statistics. The year 2009 showed a random pattern, possibly due to ILI closely following the H1N1 pandemic, leaving behind most of the districts and remote villages with ILI. The longest temporal window (8 months) appeared in 2007. It had a high z-score indicating a strong aggregation pattern ( Table 2 ). The 2010 space-time cluster included up to 1,653 cases within the span of one month. All the years studied, except 2009, showed clustered patterns. The application of LISA is known for its ability to effectively locate the spatially active local clusters ( Figure 5 ), which are missed (by default) by the global Moran I (Jeefoo et al., 2011) . Using the LISA approach, we observed two highhigh clusters marking a hotspot in 2010. This was the highest density in our material, but we observed in the period of 2010-2012 also a compact, low-low cluster pattern with a P=0.001. The visual analysis of this pattern showed clusters with highly defined boundaries ( Figure 5 ). Although the years 2005-2007 showed high-high cluster hotspots, the strength according to visual interpretation noted only a weak aggregation of involved villages, especially in 2006. This finding associates well with the absence of clusters in 2006 according to our space-time analysis. Knowledge of these clusters hold vital information for planning of disease control and vaccination programmes, while yearly cluster maps showed that the pattern was diverse for high-high and low-low clusters with reference to year, geographic extent and number of villages infected. However, Mueang Phitsanulok, the capital of Phitsanulok Province, was affected every year ( Figure 5 ). The high population in the capital (Figure 1 ), plus yearly increasing migration resulting in overcrowding, produces naturally a high vector mobility. Our findings also suggest that population density is the major factor in disease spread as shown by Charland et al. (2009) .
The strength and extent of ILI epidemics are influenced by factors such as virulence, relative immunity of the population, crowding and the weather conditions (Prachayangprecha et al., 2015) . Pearson's correlation coefficient between meteorological parameters and number of ILI cases showed different significance levels (Table 3) . We are in agreement that higher humidity has positive relation (directly proportional) to the number of ILI cases (Soebiyanto et al., 2015; Tang et al., 2010) . Additionally, humidity had a highly significant correlation with the number of ILI 1 month later, possibly due to increasing humidity decreases immunity to the disease and thus increasing virus survival (Tamerius et al., 2013) . We also found high humid-rainy conditions coinciding with ILI peaks as found by these authors. To explore more about the humidity relation, we filtered the 10 high values of average humidity. Peaks of ILI cases coincided with high humidity values and average rainfall in the same period. For the top 10 humidity peaks, ILIs accounts up to 40% of cases ( Figure 6 ). This study shows that rainfall has an immediate impact on ILI cases, possibly due to following the high humid conditions. Although rainfall has shown a relatively low correlation coefficient (Tamerius et al., 2013) , some studies suggest that rainfall and higher humidity increase indoor crowding leading to an aggregation of the human population as well as favouring virus propagation (Lofgren et al., 2007) . In agreement with Prachayangprecha et al. (2015) , we observed that major ILI peaks occurred in the rainy and early winter season trailing from July and sustaining high rates up to December causing a major ILI spike, in some years two (Figure 6 ). Another small ILI spike was observed in the February-March period, while it appeared as a flat line in April, a drop in the number of cases also found by Kimura et al. (2011) .
As often observed in temperate regions (Viboud et al., 2006; Soebiyanto et al., 2015) , respiratory viruses have an inverse association with lower temperatures. Besides higher humidity, lower temperatures may also facilitate survival and transmission of respiratory pathogens as showed by Lowen et al. (2007) . Various factors could facilitate the spread of ILIs, but it clear that rainfall, humidity and low temperatures contribute significantly. Lowen and Palese (2009) report that an average relative humidity level above 80% block the spread of respiratory virus. However, in contrast, this study observed 18 spikes between 81.0 to 85.1% of humidity, which accounts for nearly 40% of all ILI cases in the entire study period. The temporal graph (Figure 2) illustrates that the major ILI spikes were observed in the AugustDecember and the February-March periods.
Increased surveillance activities after the 2009 H1N1 pandemic in the region, does not relate with rise of ILI cases in 2010, as identified clusters reveal significant viral outbursts and absence of randomness. Moreover, space-time statistical scans and LISA scans (hotspots) in 2007 and 2010 clearly show independent strong linkages between ILI cases and the villages where they live. Space-time clusters and visual interpretation (Figure 2 ) point out that the July-September period is most common for disease outbreak in the region. In addition, the ILI spike increased substantially in the year following the epidemic, i.e. February-March 2010. ILI has shown a seasonal pattern in the spatiotemporal and correlation analysis. However, one limitation was that small study areas has only one meteorological data centre to test extensive weather variability, so provincial border analysis could be more elaborate if neighbouring province information were provided. In addition, better vaccination data could illustrate broader spatial dynamics and so would future studies planned to integrate socioeconomic factors, such as housing patterns, water sources, economic status, stress level and human migration.
Conclusions
Humidity, rainfall and temperature play a stimulatory role for ILI in the tropics. An average relative humidity and rainfall have a positive correlation with the number of cases, and so has humidity with 1-month lag. Temperature parameters have weak negative correlation with cases numbers. Young (children and older school children) are high-risk age groups, indicating persistent ILI burdens by jointly contributing to a majority of ILI cases, sometimes reaching near 80% collectively. Spatially, ILI infection clusters have an average radius of 24 km, while most cases are found in the period July-October. The year 2010 was the most significant in the study period since it contributed high cluster strengths, space time clusters and multiple hotspots, even though 2009 was the year of the H1N1 pandemic. 
